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Abstract
How to manage the relationship between Uber and the local taxi industry has been a
long-lasting and hot topic for most of the major cities around the world. Whether Uber is
stealing money from and undermining the local taxi drivers or it is beneficial for public
transportation has no certain conclusions. In this paper, we focus on the city of New York,
where both Uber and traditional Yellow Taxi play important roles in public transportation
and city culture in general, and we are trying to investigate the factors that are going to
affect Uber and Yellow Taxi pickups in New York City. Among many socio-economic
factors, we especially want to see what role crime would play in this setting since Uber has
claimed that unlike yellow taxi drivers, Uber drivers do not have geographical
discrimination based on the number of crime occurs in a given neighborhood. We use the
data from April to September in 2014 for both Uber and Yellow Taxi pickups, and
socio-economic data in 2014 by census tract to develop several econometric models treating
each census tract as an individual observation.
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1. Introduction
On August 8th, 2018, New York City became the first US city to pass legislation
restricting the number of ride-hailing vehicles operating on its roads.1 In addition to limiting the
number of ride-hailing services, the city’s Taxi & Limousine Commission can also set minimum
pay standards for drivers of ride-hailing services to make up the difference between the pay floor
and a taxi driver’s hourly earnings, in an attempt to rebalance the supply side of the taxi industry.
These new series of regulations, therefore, have become the most recent addition by the NYC
government to the hot and long-lasting debate in nearly all major cities around the world with
respect to ride-sharing services. The concern is that ride-hailing services like Uber and Lyft may
affect the balance of the public transportation system, something often heavily regulated.
Although the passing of new legislation seems to mitigate some concerns, both the
government and the corporate sides are still closely looking at this issue and thinking about their
next steps. It is clear that both are able to list several pros and cons of having massive
ride-hailing vehicles on the roads, but neither of them actually has a clear view on how to strike a
balance between the traditional New York City Yellow Cab and the new, often
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https://legistar.council.nyc.gov/LegislationDetail.aspx?ID=3479666&GUID=01C67FF7-C56D-474A-BA53E83A23173FA7&Options=ID%7cText%7c&Search=838

3

consumer-favored ride-hailing vehicles. Therefore, the space leaves for us, as researchers, to
investigate is plenty.
On the government side, Uber and other rail-hailing vehicle services are extremely hard
to control since their drivers serve more like contractors rather than employees, which allows
their parent companies, such as Uber and Lyft, to differ from traditional taxi service companies
in things like insurance coverage or their willingness to take responsibility for their drivers’
behaviors. The explosion in the number of ride-hailing drivers also has several negative impacts
on the local economy. According to the Wall Street Journal, the number of app-based, for-hire
vehicles jumped from 25,000 in 2015 to over 80,000 in 2018.2 The oversupply of the ride-hailing
services led to more than 40% of cars traversing the city without having any passengers, making
the already-awful Manhattan congestion even worse.3 In addition to adding more pressure to the
city government, the extremely imbalanced supply and demand structure in taxi markets resulted
in huge decreases of disposable income for traditional taxi drivers, who had to face serious
competition from their competitors offering cheaper and often more convenient services. By
report, six taxi drivers committed suicide within seven months because of their economic
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desperation and financial pressure, creating a large-scale public outcry that spurred the city
council to act on this issue.4
On the other side of the story, however, large ride-hailing firms, argue that besides
offering cheaper and convenient public transportation to the consumers and providing more
employment opportunities, they are especially beneficial for people in those “illed-served” areas.
Even though the firm didn’t explicitly explain the meaning of the term “illed-served”, people
interpreted it as areas typically associated with higher crime rates, lower income levels and lower
educational level. As the core and strongest argument provided by Uber, if it can be proved
valid, then it would be hard for the regulators to implement further and stricter regulations since
the ride-hailing service firms could argue that their contributions help against regional
discrimination. This consideration is the main motivation of this paper, which aims to evaluate
the validity of Uber’s argument. Hence, we use data from 2014 to study whether regional
differences in NYC can actually affect Uber and Yellow Taxi pickups.

2. Previous Literature
The Uber-related problems, or in general, the ride-hailing-services-related problems have
rarely been studied in academia environment not only because this is a recently developed
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industry but also because most ride-hailing service providers had a history of trying to maneuver
around regulations and therefore did not disclose their data. In recent years, as the Uber-NYC
tensions mounted, the government has been requesting the release of data from Uber, but only
very limited data sources were available to the general public. One study conducted by the Office
of Mayor of NYC in 2016 investigated the relationship between ride-hailing service companies
and other public transportation offered in NYC and forecasted the future of those for-hire
vehicles in NYC.5 However, looking back then, we could see a huge underestimation of the
growth rate of the for-hire vehicle industry and an overly optimistic attitude towards its impact
on the city. In another research, Schwieterman and Livingston evaluated the monetary and
nonmonetary tradeoffs of Transport Network Companies and Transit Services in Chicago.6 They
provide several recommendations to embrace the ride-hailing companies as part of the public
transportation system and suggest cooperation of public sector and private sector.
The results of my research could fill an important gap in the literature by quantifying and
testing Uber’s argument. Broadly, this can be thought of as an experiment in studying the
industrial organization of markets under pressure from both traditional players and innovative
players.
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3. Data
[Data Description]
The main data we use consists of three parts: the Uber data, the Yellow Cab data, and the
Census data in New York City that includes the number of crimes, socio-economic factors
including education level, income level, and total population, and demographic information
including racial composition and number of people by different age groups.
Since Uber has been the leading ride-hailing firm for years, we choose to use Uber as the
industry representative for the private sector players, i.e. ride-hailing firms, in our model. We
acquire our Uber dataset from Kaggle.com7, an open source data science website that usually
publicizes datasets for data scientists to investigate. The Uber data provided is relatively simple
containing only the coordinates (latitude, longitude) of every Uber trip pickup location and the
time, which is between April 2014 and September 2014. This dataset is the only one, and
therefore, the most prevalent Uber trip data online since Uber only provided a sample of their
data to the public in order to protect their users’ privacy and safety.
The Yellow Taxi dataset is from the NYC Taxi & Limousine Commission8 and it
contains the pickup coordinates of every trip, the time, and some taxi-specific information. To
align with our Uber data, we only look at the period from April to September in 2014. Since
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https://www.kaggle.com/fivethirtyeight/uber-pickups-in-new-york-city
http://www.nyc.gov/html/tlc/html/about/trip_record_data.shtml
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Yellow Taxi has a much larger market share than Green Taxi, we choose to only use them to
represent the public sector players.9
The third part of our data involves Census data including the number of crime
occurrences, socio-economic variables, and demographic information.10 This part is key to
determine whether geographical differences would have significantly different impacts on Uber
and yellow taxi pickups. The variables here not only help us validate the “illed-served” area
argument by Uber but also contain factors like average commute time to work and the number of
people who are residents for at least one year, which we think would be relevant to our study.
[Data Implementation & Visualization]
To have a direct understanding of the data, we believe that we should create some
heatmaps since the question we are interested in is highly related to geographical differences,
and heatmaps can highlight some features of the data that we can hardly capture otherwise.
[Figure 1] and [Figure 2] are two heatmaps for Uber and Yellow Cab pickups in the NYC
area, in which redder means more pickups happened in that region, and [Figure 3] is a heatmap
for the crime data, in which redder means more crimes happened in that region. For the two
pickup heatmaps, we use 20-meter times 20-meter grids as the smallest unit. We count the
number of pickups by Uber or Yellow Cab within that unit and color the unit according to the

9

http://toddwschneider.com/posts/taxi-uber-lyft-usage-new-york-city/
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level of pickups. However, one should be aware that the scale of the two heatmaps are different,
which means that a really red point in Uber’s heatmap may not contain more pickups than a
yellow point in Yellow Cab’s heatmap. For [Figure 3] we use a 100-meter times 100-meter grid
since the number of crimes are far less than the number of pickups. Also, instead of having the
exact location where the crime happened, our crime data only recorded the location where the
criminals were arrested. This is going to be a limitation for our research and future research can
work on improve this.
[Figure 1]
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[Figure 2]
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From the two heatmaps, we can see those yellow cab pickups are more concentrated in
the midtown Manhattan area while Uber serves apparently a much larger area. Also, if we look
carefully at the colors in these two maps, we can see that most “red” areas from the Yellow Cab
map are at the midtown Manhattan area but Uber drivers seem more likely to be more evenly
spread out with also many “red” areas outside Manhattan. These two observations motivate the
investigations into the reasons for such geographical differences.
[Figure 3]
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As a much smaller dataset compared to the size of the other two, the crime data heatmap
is shown by [Figure 3]. We notice that even though midtown Manhattan is one of the areas
suffering many crimes, other places like Harlem, the Bronx, and Brookline also have high crime
occurrences. Combining the two heatmaps for Uber and Yellow Cab, we can see that Uber’s
argument seems to make sense intuitively, as Uber appears to be in places relating to high crime
occurrences more often than Yellow Cab appears to be. However, the conclusion that Uber is
more accessible in high crime areas can be due to the fact that we do not consider confounding
variables, such as education level, income level, population, etc. Therefore, to fully understand
the story behind these data, we have to use some econometric models.
[Methodology]
These three figures above give us a basic direction for our empirical analysis. The key
idea of the analysis is to treat each census tract in the NYC region as an observation, and build an
econometric model upon these census tracts. In our scenario, each census tract will have a
variable recording the number of Uber pickups within that region, a variable recording the
number of Yellow Cab pickups within that region, a variable recording the occurrences of crimes
within that region, and many other census-tract-level variables, which includes total population,
median household income, the number of people who achieve bachelor degrees or higher, the
number of people older than 65, average commute time to work, and the number of people living
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in this place for at least one year. By construction, we have to use the count data model to
estimate our data since all of our dependent variables are non-negative counts.
[Summary Statistics]

Mean

Standard Deviation

# Uber Pickups

336.74

1096.93

# Yellow Taxi Pickups

1049.44

3907.58

# Total Pickups

1386.17

4937.99

# Total Crimes

12.32

17.66

Total Population

4070.13

2227.35

# Above 65

551.43

427.57

# Bachelor or above

1053.47

427.57

Median Household Income

63542.45

32262.33

Residents Mobility

4018.17

2199.47

Average Commute to Work

41.60

7.11

The above table summarizes the key variables in our research. For example, a mean of
336.74 for the number of Uber pickups means that on average for a given census tract it will
have 336.74 pickups by Uber drivers.

4. Empirical Model & Analysis

15

[Model Selection]
a.) Standard Poisson Count Model
To deal with the count data, we believe that Poisson regression is a good start since the
Poisson Distribution is a popular count model to estimate the number of times an event occurs in
an interval of time or space. In our case, the dependent variables, the number of pickups by Uber
and the number of pickups by Yellow Cab, both satisfy this condition, so we decide to start with
implementing a standard Poisson regression model with all the variables mentioned above.
A Poisson Count Data Model will have the form:

log(E(Y it |x)) = α + β x
where Y it represents the number of pickups at census tract i in period t and α + β x is the
linear predictor including the total number of crime happen in census tract i , and other
socio-economic factors describing census tract i .
The regression outputs are shown in [Figure 4] and [Figure 5] respectively for Uber data
and Yellow Cab data.
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[Figure 4]
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[Figure 5]
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To our surprise, the outputs for both Uber and Yellow Cab seem to have no big
differences in terms of magnitude and relationship. From the above two tables, we can see that
all the variables we include are statistically significant for the two types of transportation. If we
look at the results more closely, we can see that the coefficients for the variable Total Crime are
always positive for Uber and Yellow Cab, meaning that a higher number of crimes in the census
tract relates to a higher number of pickups. This result seems unintuitive at the beginning since
we would suppose that people in high-crime-occurrence areas should be less likely to want to
take Uber or Yellow Cab. However, the positive relationship may suggest that people in those
high-crime-occurrence areas are more likely to take taxis or for-hire vehicles because they would
not like to take other kinds of public transportations due to the higher chances of encountering
crime events when taking a subway or a bus. Another important feature from the result indicates
that there’s a negative relationship between the total population and the number of pickups by
both Uber and Yellow Cab. This result may also suggest we have an omitted variable bias that
makes the coefficient of Total Population greater than its true value.
b) Zero-inflated Poisson Model
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[Figure 6]

[Figure 7]

20

By looking at the distribution of both Uber and Yellow Cab pickups histograms from
[Figure 6] and [Figure 7], we can see that both of them have many zero values and an
overdispersion problem. Therefore, in this case, the standard Poisson Model may not be a good
estimation to capture all the effects, so we want to use a zero-inflated model instead, in which the
regression treats zero values and non-zero values differently and runs a two-step regression for
the variables specified. To use the zero-inflated model, we can account for the fact that many
values are zero and solve the overdispersion problem. However, the zero-inflated function in R is
really sensitive to multicollinearity, and hence many of the variables we are interested cannot be
put into it. To deal with this problem, we come up with two solutions: 1) manually mimic the
zero-inflated Poisson model by classifying the values of the dependent variables into zeroes and
positive values and run two regressions on both Uber and Yellow Cab --- a standard Poisson
regression on the positive values and a probit regression on the whole dataset, and 2) use the
zero-inflated model in R to run an alternative model by replacing the variables with high VIF
(Variance Inflation Factor) values by some other similar measurements.
1) The results from the standard Poisson regression on only positive values are
shown by [Figure 8] and [Figure 9] for Uber and Yellow Cab respectively.
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[Figure 8]
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[Figure 9]
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From the outputs, we can see that the general pattern of these results is the same as the
results from [Figure 4] and [Figure 5], indicating that if we only look at the positive pickup
values, then the relationship between the dependent variable and the independent variables will
remain the same as if we just do a standard Poisson on the whole dataset. Therefore, since the
positive values do not affect the standard Poisson model, we are interested in seeing what if we
run a Probit model on the whole dataset when we only care about whether there is any pickup
(variable zero = 0) or no pickup at all (variable zero = 1) in a given census tract. In this way, we
can tell whether the zero values should be treated differently in the model. The results are shown
by [Figure 10] and [Figure 11] for Uber and Yellow Cab respectively.

24

25

[Figure 10]

[Figure 11]
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The above results highlight an important feature, that is the number of crime occurrence
is always statistically significant in predicting the chance of having no yellow taxi pickups but
never statistically significant in predicting the chance of having no Uber pickups. Although we
cannot simply conclude that yellow cab drivers indeed have a geographical discrimination by
this outcome, we can at least say that for census tracts with zero pickups, the reason for not
having any Uber pickup is more random while the reason for not having any yellow cab pickup
is associated with high crime occurrences, income level, education level, and the number of
elderly people.
2) To avoid the multicollinearity problem that prevents us from using the zero-inflated
Poisson model, we have to exclude several variables that have high VIF values which includes
the number of people who have a bachelor’s degree or above, median household income, and the
number of people above 65. However, since these socio-economic factors are what we want to
focus on, we decide not to replace them with other variables and therefore we will not use the
zero-inflated model provided by R.
c) Pooling the data with a Uber dummy
To focus on the effect of crime occurrence, we use an alternative way to build up our
model, in which we pool the data by duplicating it and add an Uber dummy. Hence, we can
include an interaction term of the total number of crimes and the Uber dummy into our equation,
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which can directly capture the effect of crime occurrences on both Uber and Yellow Cab
pickups. Since we see from part (b) that zero values have significant impacts on our model, we
decide to also include two parts of analysis after pooling the data --- a standard Poisson
regression on positive-only values and a Probit model to capture the difference between zero
pickup and positive pickups. [Figure 12] presents the regression result of the positive-only
standard Poisson regression.
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[Figure 12]
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From the above table, we can see that if we only take into account the total number of
crimes, the interaction term, and the Uber dummy variable, the interaction term is negative but
not statistically significant. However, if we start to add other variables into the model, the
interaction term begins to become statistically significant while remain being negative. This
negative coefficient is somehow surprising because it means that being Uber negatively affects
the strength of the positive relationship between the number of crime occurrences and the
number of pickups, but the magnitude of this negative coefficient is not large enough to flip the
positive relationship to negative. In other words, for a given census tract, the predicted number of
pickups by Uber is less than the predicted number of pickups by the Yellow Cab, and as the
number of crime occurrences increase, the difference between the pickups will get larger.
[Figure 13] shows the Probit model we build for the pooled data.
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[Figure 13]
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From this table above, we find that all the coefficients for the interaction term become
positive and not significant when we distinguish zero pickups and positive pickups. This positive
association between the interaction term and the dependent variable is as what we expect, but the
insignificance of the coefficients shows that the number of crimes, in general, has no
significantly different impacts on getting zero Uber or Yellow taxi pickups.
d) OLS Regression with density
After doing several Poisson regressions, we want to go back to the simplest model, which
is the OLS regression. Even though by performing an OLS regression, we ignore some of the
data generating processes, it is still useful to include it because it does a better job when adding
interaction terms to the model. The following results are shown by [Figure 14], [Figure 15], and
[Figure 16] are OLS regression results for Uber pickups, Yellow Cab pickups, and Pooled
dataset with an Uber dummy and an interaction term combining crimes and Uber dummy
together respectively. For the OLS regression, to make it easier to interpret, instead of using the
counts (number of pickups and number of crime occurrences), we divide them by the total
population at each census tract to make these variables continuous.
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[Figure 14]
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[Figure 15]
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[Figure 16]
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We can see that the general pattern of the results from OLS regression stay unchanged as
what we found before when using the Poisson model. That is, a) there is a positive relationship
between the crime density and the Uber/Yellow Cab pickup density, b) there is a negative and
significant relationship between the interaction term and the pickup density, which suggests that
being Uber in fact negatively affects the strength of the positive relationship between crime
density and pickup density, but the magnitude of this coefficient is also not large enough to flip
the positive relationship to negative.
e) Other Potential models
Throughout our research, we have also attempted to use several other econometric
models, such as Poisson Pseudo Maximum Likelihood (ppml) and Fractional Multinomial Logit
(fmlogit) to best estimate our data. However, the ppml model requires a distance measure which
we do not have in our dataset and the fmlogit model doesn’t provide us the results we are looking
for, so we do not include them in our discussion.

5. Qualification & Conclusion
We can conclude two important findings from our research. First, no matter which model
we choose to use, the total number of crime occurrences (or the crime density) is positively
associated with both the number of pickups by Uber (or Uber pickup density) and the number of

36

pickups by Yellow Cab (or Yellow pickup density). This is possible because people are not
willing to take public transportation or walking on the street when they are in regions with high
crime occurrences. The second observation, at least from our result, shows that Uber and Yellow
taxi do not have statistically significant different preferences on pickup locations, which is not
what we expect from the heatmaps. However, due to several limitations of our research, our
results may not be able to fully capture the whole picture. First, our model may face an omitted
variable bias since we do not have the data to account for the availability of public transportation
in each census tract. As a substitute for Uber or Yellow Cab, public transportation such as
subways or buses may play significant roles in our setting. Second, our data source is limited and
probably outdated. In 2014, Uber was only a startup with less than 100k drivers on the road but
now it has grown to a giant company with more than 500k registered drivers. Therefore, to use
the 2014 data to draw conclusions about the contemporary situation may not be appropriate.
However, our research will provide a basic guideline for future researchers to work on this type
of problem. Third, future research can expand the use of the dataset from a cross-sectional
dataset to panel data and take into account the time effects as well. Fourth, if data allows, future
research can look at the exact location where crimes happened rather than the arrest location we
use.
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